Introduction
It is known that comorbidity in the aging population is associated with higher healthcare utilization and spending [1] . To evaluate these expenditures, it is essential to understand chronic disease. The inclusion of data from a variety of inpatient and outpatient settings could yield more complete prevalence estimates by capturing comorbidities important at different care settings.
The Veterans Health Administration (VHA) linkable administrative databases allow us to study the full continuum of care of an entire population of lower extremity amputees in a way that is not possible in the private sec-tor. We hypothesized that records added from outpatient visits before surgery and from separate bed sections to those of the inpatient stay would generate more complete comorbidity prevalence estimates. We also speculated that there would be a difference in performance between the Charlson/Deyo and the Elixhauser comorbidity measures, based on previous studies [2, 3] . By evaluating these two measures across multiple data sources, we hoped to identify the best methodology for case-mix adjustment in the use of standardized mortality ratios (SMRs) as a measure of quality [4] . To our knowledge, this is the first comparison of alternative comorbidity methods in lower extremity amputees. Applying aspects of the burden of illness concept presented by Elixhauser et al. [5] , this study defines comorbidity as any condition present prior to surgery other than the surgical amputation. Amputation is considered the primary diagnosis.
Methods
This study was approved by the University of Pennsylvania, Philadelphia, Pa., the Samuel S. Stratton Veterans Affairs Medical Center (VAMC), Albany, N.Y., and the Kansas City VAMC, Kansas City, Mo., Institutional Review Boards.
Database Description
Data were obtained from the VHA administrative databases that track the case-mix and healthcare utilization of primarily veterans. Inpatient datasets include four files referred to as the patient treatment files (PTF) [6] . The main file is a discharge file for the entire hospitalization episode. Multiple bed section files include diagnoses associated with specific specialty treating services within the episode. The procedures file includes each day's procedures, and the surgery file describes each day's surgeries during the inpatient episode. There are two outpatient care files [7] that describe visit and event. The visit file includes information about all of one day's care encounters or stops. The event file includes procedures and International Classification of Diseases, 9th Revision, Clinical Modification (ICD-9-CM) diagnoses associated with that stop. The Beneficiary Identification Record Locator System (BIRLS) death file contains records of all beneficiaries, including veterans whose survivors applied for death benefits [8] .
Study Population
There were 2,375 records with discharge dates between October 1, 2002, and September 30, 2003, for trans-tibial, trans-femoral, or hip disarticulation amputations that were captured using the following surgical procedure codes: 84.10, 84. 13-84.19 , and 84.91 [9] . Patients who had amputations that involved toes only or who had a record of a previous lower extremity amputation within 12 months preceding the index surgical stay were excluded. The hospitalization at the time of the surgical amputation represented the 'index surgical stay'.
Comorbidity Measurements
Both the Charlson/Deyo and the Elixhauser are based on ICD-9-CM codes. The Charlson Comorbidity Index, a weighted index that accounts for the quantity and severity of comorbidities, was created in 1987 to predict mortality due to comorbidities in breast cancer patients [10] . Deyo et al. [11] adapted the Charlson to lumbar spine surgery, identifying selected ICD-9-CM codes as indicators for defining 17 different comorbidities. Deyo's adaptation has been widely used in medical literature. The Elixhauser measure, created in 1997, applies ICD-9-CM codes to identify 30 different comorbidities as separate variables [5] and was selected because of its capacity to surpass the Charlson/Deyo in its ability to explain mortality risk differences in patients with acute myocardial infarction (MI) [2, 3] . The 2003 version of the Elixhauser that distinguishes between hypertension with and without complication was used [12] . Thus, our study uses 31 conditions. Since the Elixhauser comorbidities are not weighted [5] , we expressed each Charlson/Deyo diagnosis as a separate set of binary variables, 1 = present and 0 = absent, to compare predictive values of the two measures.
Database Development
We developed three datasets to demonstrate the effect of increasing data sources on the operation of the two measures. The 'inpatient only' set (dataset 1) consisted of diagnoses from the main hospitalization. In the 'inpatient + bed section' set (dataset 2), diagnoses from each PTF bed section files were added. The 'inpatient + bed section + outpatient' set (dataset 3) added outpatient data falling within 90 days preceding the hospital admission date. Two sets of parallel analytic sub-files for each comorbidity measure were created, yielding six models.
The inpatient and the BIRLS databases were used to acquire mortality information. The inpatient database was accessed first, since it identifies patients who died in a VA hospital. If a death date was found on discharge, that date was used. If there was no date or the death date followed the discharge date, the BIRLS was examined. If no death date was found in either database, it was assumed that the veteran was still alive 1 year following the amputation.
Statistical Analyses
Comorbidity prevalence estimates were obtained by calculating the frequency of each Charlson/Deyo and Elixhauser comorbidity separately. 2 analyses compared the estimated comorbidity and mortality prevalence. One-year mortality risk was estimated through six logistic regression models. Model performance was addressed by the C-statistic measuring model discrimination [13] and the Hosmer-Lemeshow goodness-of-fit statistic, which determines if the model provides a good fit for the data [14] . Predictive probabilities for each were calculated to compare expected to actual 1-year deaths. Actual deaths divided by expected deaths yielded a SMR that was aggregated to the Veterans Integrated Service Network (VISN) level for the entire sample. Standard errors of the expected death probabilities were used to calculate Z scores for each SMR at the VISN level. Statistical significance at p ! 0.05 was used to identify VISNs with significantly higher or lower death rates compared to the expected death rates, comparing the two measures across the increasing data sources (datasets 1 and 3) [4] . All analyses were performed using SAS Version 9.1.
Results
Out of the 2,375 amputees, 889 (37.4%) were ^ 65 years of age, and 51 (2.1%) were 1 85 years of age. Sixteen Charlson/Deyo and 30 Elixhauser comorbidities were present in our data. Table 1 shows that prevalence estimates increased across all Elixhauser conditions from dataset 1 to dataset 3. Similar results were seen for the Charlson/Deyo conditions (results not shown). The Elixhauser often yielded higher estimated prevalence. In dataset 3 and in the Elixhauser, 74.5% of patients had codes indicating peripheral vascular disease (PVD), but only 66.9% according to the Charlson/Deyo. Increasing data sources showed little effect on mortality rates in those Elixhauser conditions with high prevalence. Certain lower prevalence conditions, such as hypertension with complications, lymphoma, and pulmonary circulation disease, showed higher rates of mortality ( 1 20% increase), while coagulopathy, metastatic cancer, and other neurological disorders showed lower rates ( 1 15% decrease). Pattern changes in mortality rates were similar for the Charlson/Deyo (results not shown).
In the adjusted multivariate models using the Elixhauser, the C-statistic showed little change (0.69 in dataset 1 to 0.70 in dataset 3) (results not shown). Dataset 3 improved model fit of the data (Hosmer-Lemeshow p = 0.02 in dataset 1 to p = 0.08 in dataset 3). For the Charlson/Deyo, the C-statistic increased from 0.65 to 0.68 (results not shown), and all three models adequately fit the data (all p 1 0.05). The Elixhauser expected mortality estimates ranged from 5.6 to 88.7% and the Charlson/Deyo from 11.1 to 89.5%. Figure 1 shows the SMRs for each VISN. All four methods appear to track in a highly correlated fashion, Percentage values are shown in parentheses. 1 There were no cases with the ICD-9-CM code for obesity. 2 Dataset 1 = inpatient only; dataset 2 = inpatient + bed section; dataset 3 = inpatient + bed section + outpatient.
with only one visible deviation in VISN 'L', which likely relates to a small denominator (n = 51) compared to the other VISNs (mean = 116). There was little variation in the statistical significance of expected versus actual deaths in the four methods (results not shown). Only two VISNs demonstrated variation that was statistically significant as 'outlier' performers.
Discussion
The presence of comorbidities is an important issue in the elderly [1] , especially for older amputees. We found that in both the Charlson/Deyo and the Elixhauser, additional sources led to higher estimated comorbidity prevalence. Other studies have also shown that adding additional data sources to inpatient data increases comorbidity detection [15] .
While prevalence estimates increased sharply, there was little effect on predicted mortality, with a few exceptions. Results suggest that some clinically important cases of valvular disease had not been coded in the PTF main file, whereas only more advanced cancers had been included. Systematic reporting bias appeared largely random and not associated with mortality. Moreover, certain conditions including DM and hypertension appeared protective even with increased data sources. Patients with these conditions may be receiving better quality of care, since their conditions require close monitoring.
Our results illustrate that the estimated prevalence of particular conditions depends on both the data source and the measure used. The Elixhauser tends to include more exhaustive ICD-9-CM definitions. For example, DM with peripheral circulatory disorders was counted as DM with complication in the Elixhauser but only as DM in the Charlson/Deyo. Also, clinicians may have selected codes to document renal, ophthalmic, or neurological complications of DM not included in either measure. Including these diagnoses would have increased estimated prevalence of DM with complication from 0 to 11.2% and from 45.0 to 56.3% for the Charlson/Deyo and Elixhauser, respectively. Moreover, there are prominent differences in the ICD-9-CM codes selected for PVD. The Elixhauser includes 28 codes, while the Charlson/Deyo incorporates only 17. This emphasizes the need to be aware of differences in the sensitivity and specificity of particular ICD-9-CM based comorbidity measures and the importance of selection, depending on the primary conditions being studied and the questions being asked. Since DM and PVD are such essential risk factors for limb loss [9] , the Elixhauser maybe more appropriate.
In contrast to others [2, 3] who found clear evidence that the Elixhauser surpassed the Charlson/Deyo in predicting mortality, we found little differences between the two. Mortality models among patients with acute MI, CHF, COPD, and hypertension had C-statistic values ranging from 0.608 to 0.715 based on the Charlson/ Deyo and from 0.657 to 0.793 based on the Elixhauser [2, 3] . Our models with the Charlson/Deyo (0.654-0.681) [16] found that ICD-9-CM codes outperformed clinical severity data from medical records when predicting in-hospital deaths following coronary artery bypass graft (CABG) surgery. In contrast, Parker et al. [17] found that clinical data was slightly better than diagnostic codes in predicting mortality following CABG. Conversely, Tseng et al. [18] showed that adding claims data to demographic data contributed significantly to predicting mortality among diabetic veteran amputees. Conclusions about quality could relate to methodological decisions rather than regional differences in quality of care.
Advantages of this study include the VA's reputation for innovation and leadership in electronic medical records and administrative databases as well as the study's homogeneous population. Limitations include the small female sample, the use of administrative data which may be less accurate than chart review, and the inclusion of only VA hospitals.
We show that limiting analyses to inpatient data may lead to compressed comorbidity prevalence estimates for elderly amputees. The inclusion of broader data sources may add precision to prevalence estimates; however, future studies will need to confirm the accuracy of outpatient ICD-9-CM coding. The addition of outpatient data appeared to have minimum value in mortality risk adjustment and may have resulted in higher false positive rates. We do not necessarily endorse the addition of prehospitalization outpatient data when estimating postsurgical mortality. Data sources and comorbidity measures applied did not have a substantial effect on identifying VISNs with outlier mortality rates after adjustment based on SMRs. Caution in the interpretation of these types of estimates is both prudent and recommended.
